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In this paper, a change point detection approach based on copula with two notable advantages is put forward. One is that the 
approach can deal with the common but special unbalanced panel data. The other is that it can detect multiple change points. 
Firstly, a proper copula that most accurately describes the dependence structure of the data is chosen. Then, the chosen 
copula is fitted to the data dynamically by adding new data. Finally, the change points are located by analyzing the trends of 
fitted parameters of the copula. Based on the quarterly financial data of 16 listed Chinese commercial banks, we empirically 
use the proposed approach to detect the subprime crisis  contagion period in Chinese banking. The results show that the 
contagion starts in 2007Q2 and ends in 2009Q1, which is reasonable according to relevant researches.  
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1. Introduction 
The financial risk is always affected by external events. The latest great event in financial risk management 
is the financial crisis that erupted in American in 2007 and rapid ly spread to the rest of the world. After the 
eruption of events, a large number of researches on comparing the risks before and during the events emerge 
[1]. It is noteworthy that the exact start time and end time of the events are the premises of a rigorous 
comparison analysis. Determining period of the events needs change point detection approaches, especially 
multiple change point detection approach.  
Change point detection is a hotspot in statistics and there exist many approaches can be used to detect the 
financial event period [2]. For example, Chow test and Iterated Cumulative Sums of Squares (ICSS) [3-4]. 
According to the financial risk data they can deal with, change point detection approaches can mainly  be 
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divided into two categories. One is the approach for time series data  and the other is the approach suitable for 
balanced panel data [5-6].  
Mainly due to the lack of data, a special type of data named unbalanced panel data gradually emerges in 
some risk management areas. The panel data that we usually refer to is balanced panel data. Unbalanced panel 
data differs from balanced panel by some panel members lacking data at some t ime po ints [7]. A good example 
of this data is in [8]. Unbalance panel data is generated by multip le sources at mult iple t ime points. At a time 
points constitute the data set. To the best of our knowledge, few change point detection approach has been 
proposed for the unbalanced panel data so far. 
This study puts forward a change point detection approach based on copula to deal with the data with 
unbalanced panel data. Moreover, the approach can detect multip le change points. In the approach, copula is 
used to describe the dependence structure of the data. When the arrival o f new data changes original 
dependence structure, the arrival time is considered as the change point. In the empirical analysis, based on the 
quarterly financial data of 16 listed Chinese banks from 2006Q1 to 2012Q 2, the proposed approach is applied 
to detect the start time and end time of subprime crisis contagion in Chinese banking.  
2. The proposed change point detection approach 
In this section, firstly, unbalanced panel data is described in detail, and then the proposed approach that can 
detect the change point of the unbalanced panel data is presented. 
2.1. The unbalanced panel data 
Assume there are m  sources and n  time points. The time points are sequential. In a time point, a source can 
generate a datum or just not generate any data. Let 1 2, , , mS s s s  denote the set of sources and  
1 2, , , nT t t t  denote the set of time points. Let
k
ijx R denote a k dimensional datum from source i at time 
point j . Let jr denote the number the data at time point j . Because in every time point, only a subset of S  
generates data,  
for 1, ,jr m j n  and N m n                                                                                                                 (1)  
The data structure is shown in  Fig. 1. A ll the data in  the black box constitutes the data set. Let G denote the 
data set and N  denote the total number of the data in G . G can also be denoted as a N k matrix by  listing all  
the ijx  together in the light of the sequence of time points. For example, according to the data in Fig.1,  
11 31 1 12 22 32 2 23, , , , , , , , , , ,
T
m m mnG x x x x x x x x x                                                                                        (2)  
Time series data and balanced panel data are two special cases of G . When 1jr m , a  single source 
generates a datum at every time point, so G is the time series data. When 1jr m , m  sources generate m  
data at every time point, so G is the balanced panel data.  
The unbalanced panel data discussed in the following text is the data set G  excludes the two special cases 
and the dimension of the data is always larger than 1. In the circumstances,  
jr m  for at least a j , N m n , 2k                                                                                                           (3) 



















Note: - denotes that no data is generated by the corresponding source at this time point. 
Fig. 1. The unbalanced panel data structure 
point. This type of data emerges mainly due to the lack of data in some research areas. It is very unworthy to 
delete a source just because it ca  
2.2. The change point detection approach 
As above mentioned, the unbalanced panel data set can be denoted as a N k matrix with 2k . If no event 
can affect the data, the dependence structure of the data among each dimension will keep stable. When the 
event erupts, the dependence structure will be affected by the event. The effects of an event always last a 
relatively long period. After the event, the dependence structure will keep st able again. The objective of the 
change point detection approach is to find out the start time point and end time point of the events, which are 
called change points here.  
Copula is a popular tool to describe the dependence structure of the data [9]. The parameter of copula reflects 
the degree of dependence. A rigorous description of copula functions and their feature can be fou nd in [10]. We 
assume that an event has either positive effects or negative effects on the dependence  structure and the effects 
last a relat ively long period. In order to find the change points, we fit copula to data dynamically by adding new 
data from the next t ime point. If an event has positive effects on the dependence structure and the parameter of 
copula has a positive correlation with dependence structure, before the start of the event, the fitted parameters 
keep relative stable. When the data at the start point is added, the parameter will increase. After the start point, 
because more and more data during the event is added, the parameter will keep an upward trend. When the data 
at the end of the event is added, the parameter will decrease. After the end point, more and more data after the 
event is added and the parameter will keep a downward trend. The time points when the two  trends begin are 
the change points. On the contrary, if an  event has negative effects on the dependence structure of the data, the 
start point is the time point when a downward trend of the parameter starts and the end point is the time point 
when the an upward  trend of the parameter starts. When there are many events one after another, this approach 
is also suitable. 
The change point detection approach can be summarized as a 3-step process, which is shown in Fig. 2. 
Firstly, a  proper copula that can describe the dependence structure of the total data is chosen. Then, the chosen 
copula is used to fit the subsets of the data dynamically by adding new data at the next time point. Finally, the 
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change points can be found out by analyzing the t rends of the fitted parameters from Step 2. The detailed steps 
of the approach are as follows:
Step 1: Choose the proper copula
Step 2: Fit copula to data dynamically




Fig. 2. The steps of the proposed change point detection approach
Step 1: Choose the proper copula. In this step, we need to choose a proper copula that most accurately
describes the dependence structure of the total sample. Some frequently -used copulas are Gaussian copula, t 
copula, Gumbel copula, Clayton copula and Frank copula and so on. Different copulas allows for different tail
behaviors. A commonly-used method to choose the most suitable copula is goodness -of-fit test [11]. In addition, 
if the data structure is known, the copula can be chosen directly  by in  the light of the features of the copula










t1 t2 t3 tn
Fig. 3. The process of fit t ing copula to data dynamically
Step 2: Fit the copula to data dynamically. In this step, the chosen copula from Step 1 will be used to fit the 
subsets of the data dynamically by adding new data at the next  time points constantly. The fitting process is
shown in Fig. 3. If there are n time po ints, we need to fit copula to n subsets. Subset 1 contains the data at 
time point 1t . Then, data at time points 2t is added and Subset 2 contains the data at time point 1t and 2t . Next , 
data at time points 3t is added and Subset 3 contains the data at time point 1t , 2t and 3t , and so forth. Finally,
the data at time point nt is added and Subset n contains all data from 1t to nt . Copula is used to fit Subset 1 to 
Subset n in sequence and the corresponding fitted parameters of the copula are denoted as 1 2 np p , p, . These 
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parameters will be used in this next step.  
Step 3: Find the change points. In this step, the change points are found out by analyzing the trends of the 
parameters from Step 2. As discussed above, the start point of a trend of the parameter is the change point. If 
the data period contains the whole events, the number of the trends, or the number of the change points, should 
be even number because there are always a start point and an end point for an event.  
3. Experiment 
In this section, based on the quarterly financial data of 16 listed Chinese commercial banks, the proposed 
change point detection approach is used to test the subprime crisis contagion period in Chinese banking.  
3.1. Experiment design 
The well-known financial crisis erupted in  America in 2007 is also called  subprime crisis because it is 
subprime mortgage that arouses this crisis. Credit risk is defined as the risk o f counterparty failure, i.e . the risk 
of a loss caused by failure of the counterparty to fulfill its contractual obligations  [12], so the subprime crisis 
can be considered as the crisis caused by credit risk. Total risk is the integrated risk banks face in  consideration 
of the interactions between different types of risk [13]. We assume that before financial crisis, cred it risk affects 
the total risk of a bank at a  certain level, during financial crisis, credit risk has larger effects on the total risk 
and after financial crisis, the effects will come down to another certain level. By tracking the relationship 
between credit risk and total risk, the start time and end time of the contagion period in Chinese banking can be 
found out. 
Since the definition of credit risk and total risk is not the focus of this study, we employ the same reasoning 
with [8] and define bank risk in  the light of income statement of banks. Loan provisions, ad justed according to 
current credit exposure of banks, is a good proxy of cred it risk. Pre-tax net income can be mapped into total 
order to make the banks with different asset size comparable, the loan provisions and pre -tax net income are 
divided by risk-weighted assets and adjusted by their mean values. The final adjusted loan provisions and pre -
tax net income are regarded as the credit risk and total risk series. 
3.2. Data description 
The experiment data is the financial data of 16 listed Chinese commercial banks shown in Table 1. Those 
banks are the sources of the data. The data sample is from 2006Q1 to 2012Q2 for quarterly analysis regulatory 
reports. We choose this sample period because it contains only one recession, the subprime mortgage crisis 
started from American in 2007, but there were no bank failures in this period. All 16 banks listed in Chinese 
stock markets, with all financial statements  available in the sample period, are included, to make a total sample 
of 333 data. The first dimension of the data is loan provisions, the second dimension of the data is pre -tax net 
income. A ll the data constitutes a 333 2 matrix, which is used for experiment. The first column of the matrix 
denotes the credit risk data and the second column of the matrix denotes the total risk data.  
3.3. Experiment results 
In the section , the p roposed approach is used to detect the start t ime and end t ime of subprime crisis 
contagion in Chinese banking based on the experiment data. According to the steps of the approach described 
in Sect ion 2.2, firstly, we need to select a copula function that most accurately describe the dependence 
structure of cred it risk and total risk. In this experiment, Gaussian copula, t copula, Gumbel copula, Clayton  
624   Xiaoqian Zhu et al. /  Procedia Computer Science  17 ( 2013 )  619 – 626 
Table 1. The sixteen listed Chinese commercial banks 
Number Banks Number Banks 
1 Shenzhen Development Bank 9 Bank of Beijing 
2 Bank of Ningbo 10 Agricultural Bank of China 
3 Shanghai Pudong Development Bank 11 Bank of Communications 
4 Huaxia Bank 12 Industrial and Commercial Bank of China 
5 China Minsheng Bank 13 China Everbright Bank 
6 China Merchants Bank 14 China Construction Bank 
7 Bank of Nanjing 15 Bank of China 
8 Industrial Bank 16 China CITIC Bank 
 
Table 2. The dynamically fitted parameters of Gumbel copula 
Quarter 2006Q1 2006Q2 2006Q3 2006Q4 2007Q1 2007Q2 2007Q3 
Fitted parameter 1* 1*** 1*** 1*** 1.0420*** 1.2483*** 1.3338*** 
P value (0.0255) (0.0003) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Quarter 2007Q4 2008Q1 2008Q2 2008Q3 2008Q4 2009Q1 2009Q2 
Fitted parameter 1.3849*** 1.4211**** 1.5055*** 1.3500*** 1.4669*** 1.3770*** 1.2867*** 
P value (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Quarter 2009Q3 2009Q4 2010Q1 2010Q2 2010Q3 2010Q4 2011Q1 
Fitted parameter 1.2397*** 1.1741*** 1.1832*** 1.1970*** 1.2088*** 1.1964*** 1.1983*** 
P value (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Quarter 2011Q2 2011Q3 2011Q4 2012Q1 2012Q2   
Fitted parameter 1.2194*** 1.2149*** 1.2159*** 1.2098*** 1.2158***   
P value (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)   
Note: ***denotes significance level 0.001, ** denotes significance level 0.01, * denotes significant level 0.05. The number in the brackets is 
the p value of the corresponding parameter. 2006Q1 denotes the first quarter of 2006, and so forth.  
 
Table 3. The start t ime and end time of subprime crisis contagion in Chinese banking 
Contagion Change point 1 (start time) Change point 2 (end time) 
 2007Q2 2009Q1 
 
Table 4. The fitted parameters of Gumbel copula before, during and after subprime crisis contagion in Chinese banking 
 Before contagion During contagion After contagion 
T ime period 2006Q1-2007Q1 2007Q2-2008Q4 2009Q1-2012Q2 
Fitted parameter 1.0420 1.5356 1.1834 
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copula and Frank copula are adopted first to model the entire sample. It is found that the Gumbel copula 
outperforms the other candidate copulas and best fit the data according to the significance level of their 
parameters. The fitt ing results of all copulas are not shown here in consideration of the length of the paper. 
Gumbel copula exhib its greater dependence in positive tail than in the negative, which reveals cred it risk can 
affect total risk greater in healthy economic condition than under ext reme circumstances. This is in  accordance 
with our expectation because it is generally accepted that Chinese banks have strong risk-resisting ability. The 
parameter of Gumbel copula reflects the dependence level and ranges from 1 to infinity. The larger the 
parameter is, the h igher the dependence degree is. For a detailed description of Gumbel copula and other 
popular copulas, please see [10]. 
Secondly, the chosen Gumbel copula is used to fit  the data from 2006Q1 to  2012Q2 dynamically. The fitted 
parameters are shown in Tab le 2. For example, 1.0420 in the second row and the sixth column of the Table 2 is 
the fitted parameter when Gumbel copula is used to fit the data from 2006Q 1 to 2007Q1 and 1.5055 in the fifth 
row and the fifth column of the Table 2 is the fitted parameter when Gumbel copula is used to fit  the data from 
2006Q1 to 2008Q2. Tab le 2 also shows that all of the fitted parameters are significant and after the data of 
2006Q2 is added, the significance level is very high.  
Lastly, by analyzing the trends of the fitted parameters, the start time and end time of the contagion can be 
easily found out. The t rends of the parameters are relative obvious in this case. Before 2007Q1, the parameters 
are close to 1, which  means that the dependence degree of credit  risk and total risk is very low. Then, after the 
data of 2007Q2 is added, the parameter becomes larger than 1 v isibly and after that, the parameters has a clear 
upward trend, so 2007Q1 is considered as the first change point, i.e. the start time of the contagion. The 
parameters remain in a relat ive high level until the data of 2009Q1 is added and after that, the parameter has a 
clear downward trend until the parameter regains stability at about 1.2, so 2009Q1 is considered as the second 
change point, i.e. the end time of the contagion. The results of the change point detection are shown in Table 3.  
About the start time and end time of American subprime crisis, d ifferent researchers have different opinions. 
Dooley et al. [14] hold that the period is from February 2007 to February 2009. Wang et al. [15] consider the 
period is from Jun 2007 to May 2009. Tsay et al. [16] think the period is from August 2007 to September 2009. 
Our results that show the Chinese banks are affected by the American subprime crisis from 2007Q2 to  2009Q1 
are reasonable. As the development of finance market in China, the correlation between domestic financial 
market and international financial market become closer and closer. To take Industrial and Commercial Bank 
of China as an example, it  has more than 200 overseas subsidiaries by 2011. So  it  is  reasonable that the 
domestic banks have an immediate response to the crisis in foreign market.  
4. Discussions and Conclusions 
In this paper, a  change point detection approach based on copula is put fo rward. The proposed approach has 
two notable advantages. One is that the approach can deal with the common but special unbalanced panel data 
that can rarely  be dealt  with by other approaches. The other advantage is that this approach can detect more 
than one change points simultaneously. In the empirical section, we test our approach using the financial data 
of 16 listed Chinese commercial banks. The approach is used to detect the subprime crisis contagion period in 
Chinese banking. The results show that the contagion starts in 2007Q2 and ends in 2009Q1, which is 
reasonable according to relevant researches.  
This research is just a preliminary attempt and still has limitations need further perfection. For example, 
when structural changes are too many in a short time period, this approach may be inaccurate because it relies 
on the trends of the parameter in a certain period to determine change points. When 3k , Archimedean 
copulas with single parameter are preferred because it is not easy to find the trends of multiple parameters. In 
addition, this approach might be considered a little subjective.  
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